The lack of high-resolution field data on the abundance, species and distribution of mosquitoes is a serious impediment to effective control of mosquitoborne disease, yet the availability of high-throughput, low-cost surveillance techniques remains a bottleneck in generating such data. Here, we establish that commercially available mobile phones (including low-cost basic models) are a powerful tool to probe mosquito activity, by sensitively acquiring acoustic data on their species-specific wingbeat sounds, together with the time and location of the human-mosquito encounter. We survey a range of medically important mosquito species to quantitatively demonstrate how acoustic recordings supported by spatio-temporal metadata enable rapid, non-invasive species identification. As proof-of-concept, we carry out field demonstrations where minimally-trained users map local mosquito fauna using their personal phones. Thus, by leveraging the global mobile phone infrastructure with the potential for engaging citizen scientists, our approach enables continuous largescale acquisition of mosquito surveillance data in resource-constrained areas.
Here, we propose a novel solution that uses mobile phones to enable widespread acoustic mosquito surveillance, by using them as sensitive microphones to record species-specific wingbeat sounds from a variety of disease-transmitting mosquitoes for identification and analysis ( Fig. 1A) . We exploit the insight that these ubiquitous, highly portable devices are optimized for sophisticated audio processing and computing capabilities, and connected by a data transmission infrastructure supporting over 5 billion users globally (26) , leading to multiple applications in citizen science and crowdsourced data gathering (27) (28) (29) (30) . Specifically, the explosive growth in mobile phone use is most pronounced in Africa, Asia and Latin America (26) , which also bear the brunt of the impact of mosquito-borne disease (2) . This juxtaposition implies that our mobile phone based concept has the advantages of scalability, sustainability and cost effectiveness, in collecting on-the-ground data on mosquito activity in resource-constrained areas with high disease burdens. Our proof-of-concept study highlights the potential of our solution to engage citizen scientists around the world in mosquito surveillance, without the need for specialized equipment or highly trained personnel.
We acquire acoustic signatures from free flying mosquitoes by orienting the primary microphone of a mobile phone in the direction of a mosquito, and using an in-built audio recording application to record and store the sound produced by the mosquito's wingbeats ( Fig. 1A,B , Supplementary Audio SA1). Mosquito sounds have relatively low complexity, comprising a single fundamental frequency with several overtones, which we extract using the short time Fourier transform (STFT) (Fig. 1C ). These sounds are sexually dimorphic with males having higher frequencies than females, and show natural variations in the fundamental frequency which are captured by a base frequency distribution characteristic of the given species (Fig.   1D ). The female wingbeat frequency is typically between 200 to 700 Hz, which overlaps the voice band (300 to 3000 Hz) in which phones are designed to have maximum sensitivity. Since mosquitoes rarely fly at speeds over half a meter per second, the Doppler shift of frequency during free-flight is small (1 − [330 − 0.5/330 + 0.5] ≈ 0.3%, i.e. < 2 Hz) when compared to the observed natural spreads of up to 100 Hz in base frequency distributions. The use of mobile phones as recording platforms additionally provides automatic registration of relevant metadata, such as the location and time of data acquisition, which adds valuable secondary information for species identification and spatio-temporal mapping. Such acoustic and spatiotemporal information can be crowdsourced from many users, to generate large data sets that map the distribution of mosquito species at high resolutions ( Fig. S1 ).
To establish our fundamental premise that mobile phone microphones are indeed high fidelity acoustic sensors, we first assessed whether mobile phones faithfully record the spectral composition of sound produced by mosquito wings during flight. We measured the wingbeat frequency of female Culex tarsalis mosquitoes in tethered flight using two independent modalities, by synchronizing acoustic recordings with high speed videography ( Fig. 2A) . For spectrograms derived from mobile phone audio (Sony Xperia Z3 Compact) and high speed video recordings, and aligned in time to within 2 ms, we find an exact match in frequency in each time window to within a computational error margin of 2 Hz (Fig. 2B ). The respective distributions of the base frequency have low variances with maximum density occurring in the same bin ( Fig. 2C) , and are indistinguishable by the 2-sample T-test (significance level α = 1%). This corroborates the spectral accuracy of mobile phone recordings based on an independent optical reference standard.
As we propose using mobile phones as wingbeat acoustic sensors under field conditions, it is crucial to establish working limits within which their built-in microphones are sensitive enough to reliably acquire low amplitude mosquito sounds. Since the technical specifications of many commercially available mobile phone microphones are not openly available, we experimentally compared a range of mobile phone models having diverse feature capabilities to two reference electret condenser microphones under identical conditions. This provides a direct comparison of mobile phone microphones to the gold standard in acoustic sensing. We first used a piezoelectric buzzer of constant amplitude (77 dB at source) and frequency (500 Hz) as a standardized sound source, to show that both smartphones (iPhone 4S, Xperia Z3 Compact) and low-end feature phones (SGH T-209 clamshell model) had signal-to-noise ratios (SNR) that were comparable to the reference microphones over distances of up to 100 mm ( Fig. 2D ). Next, to gauge suitable working distances for the specific application of acquiring mosquito sound, we simultaneously recorded wingbeat sound from tethered mosquitoes using the reference microphones and mobile phones. Curves of mobile phone SNR over distance indicate that all the phones tested, including a decade-old basic phone (SGH T-209), are capable of acquiring detectable wingbeat sound up to at least 50 mm from a mosquito ( Fig. 2E ). This is a working distance that we have found to be practically achievable with reasonable ease when making free-flight measurements in the field. Smartphones like the Xperia are capable of signal detection even at up to 100 mm in quiet environments, making it still easier for users to record mosquitoes ( Fig. S2 ).
For our proposed surveillance technique to scale to the broadest possible user base, citizen scientists must be able to engage in acoustic data collection using any commercially available mobile phone that they own. The varying sensitivity observed among phone models highlights the imperative that most mobile phones should still collect quantitatively comparable acoustic data from mosquitoes. We tested this for a collection of eight different commercially available cellphones ( Fig. 2F , ranging in price from ∼ $20 to ∼ $700), where female mosquitoes of similar age from a lab-reared population of the malaria vector Anopheles stephensi were con-fined in a cage, and recorded by manually following them in free-flight. Quantitatively, both mean and median frequencies obtained by each phone lie well within the interquartile range of frequencies obtained by every other phone, and differ by less than 5% of each other (Fig. 2F ).
The distributions of wingbeat frequency all have high degrees of mutual overlap, as measured by Bhattacharya overlap distances (BD) between 0.93 to 1 (Fig. 2H ). We further computed the Jensen-Shannon divergence metric (JSD) between each pair of phones ( Fig. 2G ), which had low values below 0.3 corroborating that wingbeat frequency sampling is relatively insensitive to the phone used. Thus, our data demonstrate that a diverse range of both smart and feature phones provide highly similar acoustic spectra from the same population of mosquitoes, as required of a truly universal platform for crowdsourcing mosquito identification via audio signal acquisition. Further, the JSD also provides upper bounds on the variation inherent in sampling the same population in different experiments, allowing us to establish a criterion for the minimum statistical distances required between wingbeat frequency distributions of different species in order to distinguish them.
The difference between wingbeat frequency distributions among mosquito species has a profound impact on the probability of correct species identification in acoustic surveillance (24, 25, 31, 32) . To evaluate this, we carried out a broad survey of frequency distributions for lab-reared populations of female mosquitoes from 19 major mosquito vector species under similar experimental conditions ( Fig. 2G , indicating that acoustic differences between species are typically significantly greater than the variations in sampling a single species using different phones ( Fig. 3B ).
We explored our species survey data in depth to identify different scenarios where acoustic data from mobile phones can be combined with automatically registered metadata such as timestamps and location coordinates, to facilitate quick differentiation between common medically relevant vector species in the field (Fig. 3C,S3 ). In the simplest cases, species with completely non-overlapping frequency distributions, such as Anopheles gambiae and Culex pipiens (JSD = 1), can easily be distinguished by sound alone ( Anopheles gambiae s.l. complex are of particular interest for acoustic identification (32, 34, 35) .
Our results for four members of this complex imply partial distinguishability, based on mostly mutually non-overlapping interquartile ranges for An. arabiensis, An. quadriannulatus, An.
gambiae and An. merus, with JSD for all but one species pair ranging between 0.61 and 0.91 To demonstrate the efficacy of acoustic surveillance using mobile phones in the field, we collected data in a variety of settings from urban to rural, both indoors and outdoors. We recorded acoustic signatures from mosquitoes that were either free-flying, taking off from rest, or captured in inflated Ziploc bags ( Fig. S4 , Supplementary Audio SA2-7). The high amplitude and distinctive narrow-spectrum characteristics of mosquito sounds allowed us to easily identify them within spectrograms, as the SNR remained high due to manual control of microphone position and orientation relative to the mosquito. These sound signatures were matched against our frequency distribution database (Fig. 3A , data for males not shown) to identify the respective species, which we also confirmed by capturing the respective specimens for morphological identification by optical microscopy. Such field data also allowed us to explore variations in wingbeat frequency among mosquitoes exhibiting considerable variations in body size and wingspan within the same species (Fig. 3D ,E). Despite the dependence of wingbeat frequency on factors such as nutrition, age, temperature (36) and size (34) , our treatment of this measurement as a distribution over time rather than a single discrete value allows greater comparability between individuals of a given species. Interestingly, in field recordings of Ochlerotatus sierrensis mosquitoes varying almost two-fold in size ( Fig. 3E) , the difference in mean frequency between each specimen was about the same as the inter-quartile range for individual flight traces obtained from a single mosquito ( Fig. 3D ). This indicates that frequency variations within flight sequences of several seconds -perhaps due to aerial maneuvers -may contribute as much to the widening of frequency distributions as do variations between individuals. Thus, wingbeat frequency can be a robust identifying characteristic for different species in the field, when treated as a distribution over time for longer flight traces of a few seconds.
Finally, we assessed the feasibility of our approach for spatio-temporal mapping of mosquitoes in the field through citizen science, with small-scale proof-of-concept field trials carried out at Ranomafana village in Madagascar (RNM) and Big Basin Redwoods State Park in California, USA (BBR). First, we acquired curated acoustic signatures associated with morphologically identified specimens of the local mosquito fauna caught in traps ( Fig. 4A,B ). This subsequently formed the basis for acoustic identification of mobile phone recordings in the field, collected by 8 to 15 volunteers using their personal mobile phones, who were given around 15 minutes of training in acoustic data collection (sample field recordings in Supplementary Audio SA8-10). In the maps constructed using this field data ( Fig. 4C,D) , the power of crowdsourcing in comparison to many traditional surveillance techniques is reflected both in the volume of data In summary, we have demonstrated a method for acoustic surveillance of mosquitoes using mobile phones, by presenting quantitative analyses of mobile phone acoustic signal quality and differentiation between mosquito species, further supported by preliminary field data collected by volunteers and organized into spatio-temporal maps. The involvement of local volunteers in our study underlines that almost anyone with a mobile phone can quickly be trained to contribute data towards mosquito surveillance efforts. With the proof-of-concept presented here, we highlight the potential for building high-density mosquito maps with the participation of citizen scientists, particularly in disease-prone locations where high human population density coincides with complex mosquito ecology. The advent of machine learning and data mining techniques create tremendous scope for the automated processing of crowdsourced acoustic mosquito surveillance data (24, 25) . This could boost our capability to dynamically assess mosquito populations, study their connections to human and environmental factors, and develop highly localized strategies for pre-emptive mosquito control (37) . Since the critical missing link in enabling such advances at present is the capacity to generate large quantities of mosquito ecological data on fine-grained space and time scales (4), our mobile phone based solution holds great promise as a scalable, non-invasive, high-throughput and low-cost strategy to generate such data, by leveraging widely available hardware and an existing network infrastructure. Thus, we propose a citizen science effort driven by the mobile phone based mapping framework established in this study ( Fig. S1 ), which will enable people to take the initiative in tracking disease vectors within their own communities, expand surveillance efforts in resource- The authors declare that they have no competing financial interests. 
Acquisition of acoustic data from mobile phones
Different mobile phones were used to collect sounds from mosquitoes, using audio recording software that was already freely available on the devices, including applications for voice messaging, voice memos, or sound recording. To locate the primary microphone on the body of the mobile phone, we either read the location off a user manual showing its different components, or found the microphone by trial-and-error, where we tapped the phone periphery and observed the response of the recording software to locate the area with maximum audio sensitivity. The primary microphone is oriented towards the mosquito for maximum sensitivity in audio acquisition. Audio data from the phones was compiled and transferred to a server for processing.
This method applies to all figures.
Processing of acoustic data from mobile phones
The audio signals from mosquitoes were acquired at different sampling rates ranging from 8 kHz to 44.1 kHz and a variety of file formats, depending on the mobile phones and the specific in-built or user-defined settings on the recording applications used to acquire the signal. When a raw signal was acquired from the phone, it was converted into the WAV format for convenience of processing, with sampling rate interpolated to 44.1 kHz if sampled at a lower rate. To reduce constant background noise in the signal, we used a spectral subtraction algorithm, with the fundamental principle of subtracting the actual or expected frequency content of pure noise from the spectrum of the noisy signal. Here, we identified the background using an automated algorithm as those spectral bands that are constant with almost zero variation in amplitude and frequency across the entire sound clip. To generate the audio frequency spectrum over different instants of time, we applied the Short Time Fourier Transform (STFT ; Signal Processing Toolbox, MATLAB R2015B) to produce a spectrogram with resolutions of 5 Hz in frequency and 20 ms in time, having a high degree (90%) of overlap between windows to achieve a trade-off between sufficient frequency resolution and accurate localization of the signal in time.
Construction of wingbeat frequency distributions
Using the spectrogram, we construct histograms for the distribution of peak frequencies for mosquitoes of a given species. Once a sound was identified (either manually or using an automated code) as belonging to a mosquito of a given species, the lowest frequency corresponding to a local maximum in amplitude was detecting using a peak finding algorithm. 
Statistical tests and metrics
Wingbeat frequency was represented as discrete probability density distributions, with the frequency binned into intervals of 5 Hz (the computational accuracy for frequency in our STFT analyses) and the area under the probability density distribution summing up to 1. 
Comparisons with high speed videography
We acquired high speed video of tethered mosquitoes in the lab using a Phantom v1610 camera, at 10000 frames per second. Simultaneously, we made audio recordings using a mobile phone placed with the primary microphone 10 mm away and oriented towards the mosquito.
Since the audio and video are completely independent as the camera does not talk to the phone, synchronization was achieved using a specially designed setup to produce a specific light and sound pattern. We connected a piezoelectric buzzer and an LED to the same pin of an Arduino, which we programmed to produce a square wave at 5000 Hz and 50% duty cycle for 500 ms, followed by a 500 ms pause, and then a square wave at 2000 Hz for 500 ms. This gave us four time points -the beginning and end of each waveform -to use for aligning the corresponding spectrograms from video and audio in time. The video data was thresholded and the area of the wing (which we recorded face on) was computed in each frame. We plotted a waveform of the change in projected wing area over time, and applied the STFT to produce a spectrogram.
The fundamental frequency in the spectrogram corresponded to the wingbeat, with higher harmonics corresponding to subtler variations in wing kinematics such as wing deformation during clap-and-fling. Acoustic data from the mobile phone was processed as described in the section above. The two spectrograms were computed to the same time and frequency resolutions of 5
Hz and 20 ms, and aligned in time based on the best match of the four points of synchronization.
This method applies to Fig. 2B .
Comparisons to studio microphones
Comparison with an acoustic gold standard was achieved using the Marshall MXL991 and Apex 220 microphones, the latter of which is calibrated to have a flat frequency response between 100 and 1000 Hz. The two studio microphones were connected to a pre-amplifier (Onyx) with the gain set to its maximum value of −60dB, after ensuring that this would still avoid saturation.
We carried out experiments to calibrate the sensitivity of mobile phones over distance using a standardized sound source -a piezoelectric buzzer ringing at 500 Hz, with its amplitude measured before every recording to be constant at 77dB at the edge of the buzzer disc. To compare the ability of mobile phones to record mosquito sounds, we recorded tethered male and female Culex tarsalis mosquitoes. We placed the microphones at an identical distance to the left of the mosquito as we placed the mobile phone primary microphone to its right, since waveforms produced by the two wings are assumed to be symmetrical. We synchronized recordings from all three sources using the times of initiation and cessation of wingbeat sound, with multiple flight traces in a single dataset. Using the amplitudes recorded by the Marshall MXL991 studio microphone which has a known 1/r 2 drop in recorded amplitude, we deduced the actual amplitude produced by the mosquito in a given experiment, and standardized the corresponding mobile phone SNR for a uniform source amplitude of 45dB (which we measured to be a typical amplitude produced by a mosquito). Spectrograms constructed independently and aligned in time are shown in Fig. S1 . These methods apply to Fig. 2C,D and Fig. S1 .
Acoustic data collection in the lab from tethered mosquitoes
Individual sound traces for distance calibration experiments were collected from tethered mosquitoes.
Individuals were aspirated out of the cage and knocked out with a puff of carbon dioxide. The wings were gently spread to move them out of the way, and a pipette tip was affixed to the scutum with a bead of low melting insect wax. The pipette tip was clamped in a stand, and the appropriate recording device -mobile phone, studio microphone or high speed camerawas clamped in another stand at the desired orientation and a specified distance away from the pipette tip as measured by a ruler. The legs of the mosquito are gently stimulated to induce a flight reflex, after which the wings beat for a period of a few seconds to minutes. This method applies to Fig. 2A,B ,D,E.
Acoustic data collection in the lab from caged populations
Wingbeat frequency distributions for a given species were measured from lab-reared populations maintained in 1-ft cubical cages. Cages typically contained between 100 to 300 individuals of males and females each, with the sexes segregated into separate cages whenever possible.
The mobile phones were inserted by hand through the stockinette sleeves of the cages, with the primary microphones oriented away from the hand, and moved to follow individual mosquitoes in flight or against walls or corners of the cage. Care was taken to avoid introducing noise from bumping against the cage surfaces or rubbing against the sleeve. Between 5 to 10 minutes of data was collected per cage, and high amplitude noise due to bumps was eliminated using an automated algorithm. This method applies to Fig. 2F, Fig. 3A and Fig. S2 . In some cases, individual mosquitoes were introduced into an otherwise empty cage, to record free flight traces from a specific mosquito in the lab. This method applies to Fig. 4A,B . Park, and were gathered in houses or shops in Ranomafana village. Prior to the field study, we initially collected live mosquitoes from the field, recorded them in the lab to create a curated database of signatures for those specific locations, and later morphologically identified them through microscopy for association with each acoustic signature (Fig. S4 ). Subsequently, field recordings were made by the teams, and each recording was assigned a species by comparing with the databases (Fig. S3 ). During the field exercises, the users also collected matched physical specimens from the field in grinder tubes and Ziploc bags corresponding to many of the audio recordings, which were morphologically identified to confirm the IDs assigned based on the acoustic database. The recordings were associated with a location as reported by GPS or the user, and timestamped automatically by the recording application on the mobile phone, for spatio-temporal placement of each observation. Maps were prepared by counting the number of reliably identified acoustic signatures for each location. This method applies to Fig. 4C ,D. C, Specimens are identified to the genus (and preferably species) level by a method such as morphological ID through optical microscopy, or molecular ID through PCR. D, Acoustic data is processed and associated with specimen IDs to yield frequency distributions characteristic of the prevalent species in that field location, forming a reference database of mosquito sounds specific to Location X. E-H represent the proposed method for mobile phone based acoustic surveillance at the field location, assuming that the reference database of mosquito sound is already in place. E, Mosquitoes are recorded in the field by a user with a mobile phone, and the audio file together with metadata is compiled into a database for processing. F, The acoustic signals are processed to extract the frequencies present in the recorded mosquito sound. G, The computed acoustic spectrum and metadata obtained from the mobile phone are compared to the reference database for that location, and the most likely species corresponding to the computed frequency is identified. H, The identified species from this observation, together with the time and location metadata, are mapped back to the field Location X. This closes the loop for mobile phone based acoustic surveillance, from crowdsourced recorded data to information on spatio-temporal mosquito activity. shown together as RGB images with intensity of colour corresponding to variations in power spectral density. Mobile phones strongly acquire mosquito sounds at 10 mm or even 50 mm, but their sensitivity drops sharply at distances of 100 mm. E, Superimposed averaged spectra show that only the Xperia Z3 continues to acquire wingbeat sound at 100 mm away from the mosquito, albeit at low signal-to-noise ratio. The T209 feature phone picks up low frequency noise between 300 to 600 Hz that overwhelms the mosquito frequencies, the iPhone 4S has low noise acquisition throughout, and the Xperia Z3 picks up high frequency noise above 1 kHz that leaves the mosquito frequency band relatively unaffected. Figure 6 : Synchronized recordings of tethered mosquitoes using studio and mobile phone microphones shows exact correspondence at near-field distances below 50 mm 
Acoustic data collection in the field

